In aerospace engineering, the telemetry sequence is a vital reference for evaluating the performance of each component. The segmentation algorithm is an effective method for processing telemetry sequence, which lays a solid foundation for obtaining feature indicators. For the Momentum Wheel, rotational speed stability and acceleration characteristic are two crucial feature indicators. This paper presents a novel method of Adaptive Segmentation and Feature Extraction (ASFE) for processing the rotational speed sequence of the Momentum Wheel, which can realize the requirements of online testing and automatic acquisition of these two indicators. Firstly, based on the two different working modes of constant speed and adjusting speed, the rotational speed sequence of Momentum Wheel is identified as smooth and transitional. Secondly, the improved Adaptive Piecewise Constant Approximation (APCA) algorithm is proposed to identify the smooth segmentation, and the feature extraction sub-algorithm with online processing capability is also proposed to obtain the indicator of rotational speed stability. Thirdly, the fitting method based on slope threshold is used for the data of the transition segmentation, and the indicator of acceleration characteristic is extracted. The experiment results with the X Momentum Wheel shows that the accuracy of the data measurement processing is not less than 0.96 of the theoretical true value. This indicates that ASFE can significantly improve the test efficiency and meet the requirements of the Momentum Wheel test.
I. INTRODUCTION
The Momentum Wheel is an important attitude control component. It is an attitude adjustment unit of the spacecraft by controlling the output torque of the motor [1] , [2] . Rotational speed stability and acceleration characteristic are two important indicators for testing Momentum Wheel performance. A main purpose of the Momentum Wheel test is to analyze the telemetry sequence and calculate the two indicators.
For spacecraft, the telemetry sequence is a time series that indicates the state of the system. The telemetry sequence is acquired by the monitoring component (such as a sensor), encoded by the Track Telemetry and Control (TTC) system, and transmitted by the Radio Frequency (RF) system, which is the response of the spacecraft state [3] . Telemetry sequence is the only basis for operators to understand the The associate editor coordinating the review of this manuscript and approving it for publication was Luca Cassano.
internal operating conditions of a spacecraft. This sequence is collected and stored by time.
However, the raw telemetry sequence cannot directly reflect the performance indicators. The segmentation algorithm is an effective method for analyzing the telemetry sequence. Segmentation refers to the approximated of a time series T, of length n, with k straight lines, from a data mining perspective. K is typically much smaller than n, so this representation makes the storage, transmission, and computation of raw data more efficient [4] .
For time series such as telemetry sequence, the segmentation algorithm is a good way to extract its features. For Momentum Wheel, rotational speed sequence is easy to obtain. However, the classical segmentation algorithms [5] , [6] do not directly show two feature parameters. In fact, the Momentum Wheel has two working states: constant speed and acceleration. Thus, the first step of segmentation algorithm for momentum wheel is to identify these two states; then, according to different states, these two indicators can be extracted: rotational speed stability and acceleration characteristic.
Currently, the traditional manual method is widely used for the processing of rotational speed sequence: recording while measuring, analyzing data after the measurement, and finally calculating the feature indicator [7] . The credibility of the test results and the proficiency of the operators show positive correlation characteristic significantly, the efficiency of data processing is reduced significantly when the test time lengthens and the amount of data increases. The acquisition time of the test result lags behind process seriously. However, the space mission is becoming more and more complex, the performance of the subsystem is increasing, and the testing requirements of the Momentum Wheel are also more detailed. Therefore, it is necessary to test under various conditions such as different temperature, different voltage pulls, high vacuum or other space environment simulations. This high-coverage test introduces a lot of data processing work. It has become more difficult for manual operation to guarantee the current test requirements.
Operational response and rapid testing is one of the trends in the development of modern spacecraft. Although the test cycle is severely reduced, the requirements for test indicators are strengthened [7] , [8] . High-efficiency data processing method is an effective method to solve this contradiction. Simultaneously, as intelligent diagnostic methods such as Prognostics and Health Management (PHM) [1] , [8] are continuously promoted in the aerospace field, the automatic analysis capability for telemetry sequence is also strengthened.
In order to meet these requirements, automatic processing methods have been introduced in the testing of Momentum Wheels [9] , [10] . Computer technologies such as data mining and intelligent algorithms have received extensive attention. Kim [10] used the expert system to interpret the telemetry sequence. Li [11] successfully obtained the characteristics of bearing speed by using the Vold-Kalman filter (VKF) combined with Refined Composite Multi-scale Fuzzy Entropy (RCMFE). Compared with traditional manual methods, such methods greatly improve the efficiency of testing due to the using of computer technology. Lu [12] proposed a feature extraction method based on stage division and intermittent process to acquire the characteristics of telemetry sequence, but this method is not detailed enough for the transition. Zhang [13] improved the ability to analyze telemetry data by the intermittent process at different time. Liu [14] used the LS-SVM method to analyze the anomaly feature of telemetry sequence. Zheng [15] used State-Counting Method (SCM) method to extract the wave characteristics in satellite telemetry sequence. Inspired by these scholars, this paper uses data mining technology to model the telemetry sequence of Momentum Wheel, and can complete the feature extraction of interest online.
Segmentation of telemetry sequence and feature acquisition is an approach of time series modeling [16] - [19] essentially. The purpose of time series modeling is to extract a more efficient representation of knowledge [20] . This paper proposes an Adaptive Segmentation and Feature Extraction (ASFE) method, which is suitable for the processing of rotational speed sequence of Momentum Wheel: Firstly, the telemetry sequence of Momentum Wheel is segmented into smooth segmentation and transition segmentation according to the characteristics of the Momentum Wheel. Secondly, the improved Adaptive Piecewise Constant Approximation (APCA) algorithm is proposed to identify the smooth segmentation, and the feature extraction subalgorithm with online processing capability is proposed to obtain the rotational stability indicator. Thirdly, a fitting method is proposed to identify the transition segmentation based on slope threshold, and the acceleration characteristic indicator is extracted. The method of Adaptive Segmentation and Feature Extraction is referred to as ASFE from now on for convenience of description.
ASFE can assist in acquiring the feature of rotational speed sequence quickly and finding the problem of Momentum Wheel. It is significant for advancing the quality of aerospace products and the reliability of aerospace [21] , [22] . At the same time, the extracted features can characterize the monitored parameters better, which can greatly promote the processing efficiency and online interpretation ability of system parameters. And ASFE can provide an important reference for data-driven anomaly detection methods. So, it will facilitate the development of follow-up work.
II. ADAPTIVE SEGMENTATION AND FEATURE EXTRACTION (ASFE) METHOD FOR MOMENTUM WHEEL TEST A. OVERVIEW OF ASFE
The rotational speed is one of the important characteristics that are easy to measure and record in Momentum Wheel test. The rotational speed stability and acceleration characteristic are two important indicators that are widely used to evaluate the performance of the Momentum Wheel. The main purpose of this paper is to realize the online processing of the rotational speed sequence and generate two indicators of rotational speed stability and acceleration characteristic. Fig. 1 shows a part of the Momentum Wheel speed sequence. Each black point represents measure value of rotational speed, and the dashed line represents the theoretical curve that is drawn according to the remote control commands. Obviously, there is a difference between the theoretical curve and fitted one.
ASFE segments the test sequence of the Momentum Wheel into two parts: smooth segmentation corresponds to the constant speed, and transition segmentation corresponds to the adjusted speed. Rotational speed stability can be obtained by calculating the average and variance of the smooth segmentation. Acceleration characteristic can be obtained by calculating the duration time and the average slope of the transition segmentation. The solid black line represents the fitted curve according to ASFE in Fig. 1 . Fig. 2 shows the flow of ASFE algorithm. The improved APCA method is used to identify the smooth segmentation, the end position is determined by a threshold, and the corresponding feature is extracted. Then, ASFE jumps into the transition segmentation. The slope threshold method is used to fit the transition segmentation. After extracting the feature, ASFE automatically jumps into the smooth segmentation. In this way, it alternates.
B. FLOW OF ASFE

III. IMPLEMENTATION STEPS OF ASFE A. IMPROVEMENT OF APCA FOR SMOOTH SEGMENTATION
APCA is an adaptive segmentation method. By calculating the cumulative error of each point, the time series are divided into several segmentations. Given a time series S : {s 1 , s 2 , . . . , s n },the length is n. After APCA modeling,S can be expressed as follows:
where m is the number of segmentations after modeling, v i indicates the average value of the segmentation, and tr i indicates the last point position of segmentation in the original sequence S. The algorithm flow is shown in Fig. 3 . If variables a and e are used to represent the average and cumulative error, respectively, then their calculation equations can be written as:
It can be seen from Fig. 3 that APCA processes the data of current segmentation by loop operation. That is, once a point of the sequence is updated, it is necessary to recalculate the current sum firstly. In this way, the average can be calculated. Then, the error of each point can be calculated. Finally, the cumulative error is obtained. This processing method not only requires a large amount of memory space, but also needs to trace historical data in the calculation process. It introduces non-real-time risk to the processing of real-time data, and it is unpredictable due to repeated calculations involving historical sequence points. Eventually, the calculation will not be completed in a linear time. In order to meet the requirements of online test of Momentum Wheel, this paper introduces the approximated error and iterative summation to improve the APCA algorithm. Improvement 1: Approximated error to avoid loop operation As shown in Fig. 4 , each smooth segmentation shows longterm stability and short-term fluctuations.
Let e new denote the cumulative error after adding a new sequence point. In APCA, in order to obtain the value of e new , it is necessary to recalculate the average, the difference value of each sequence point, and then sum sequentially. Because of the repeated calculation of each sequence point, the calculation amount is increased, and the online processing capability is deteriorated. In order to solve this problem, this paper uses Eq. (4)
to calculate the approximated value of the cumulative error.
The variable e new represents the updated average after the arrival of a new telemetry sequence point. Proof: let the telemetry sequence be S = {s 1 , s 2 , . . . , s k , s k+1 , . . .}, s k represents a sequence point that has been processed, and s k+1 represents a sequence point that has been received but not processed.
Eq.
(2) and Eq. (3) give the methods for calculating the average and cumulative error, respectively. When one new element is updated, the new average is given by: And the new cumulative error can be expressed as follows:
The updated value is approximately euqual to the current average:
Eq. (7) is substituted into Eq. (5) . After the new element arrives, the average of the sequence does not change, as shown as follows:
Eq. (8) is substituted into Eq. (6) . In this way, after the arrival of the new element, the cumulative error can be expressed as follows:
Improvement 2: Summation based on iterative computation The variable s represents the sum of all the sequence points of the current segmentation,
where s i represents the sequence element of the current subsegment. After the next element arrives, the updated sum can be expressed as follows:
where s k+1 represents the new element, and s new reprsents the new sum. Correspondingly, the average of the segmentation can also be obtained. The average value calculation method is as follows:
where a is the average value of the current segmentation, and k is the number of elements of the current segmentation. After the next element arrives, the updated average value can be expressed as follows:
where s new can be calculated by Eq. (11) .
Since the number of sequence points is known, the average value can be calculated by the Eq. (12) and Eq. (13) . The intermediate variable s is introduced, so, no looping operation is required in the calculation. This will improve the online processing capabilities. The basic steps of improved APCA is shown in Fig. 5 . 
B. FITTING METHOD BASED ON SLOPE FOR TRANSITION SEGMENTATION
Since the transition segmentation corresponds to the rotational speed adjustment phase, the sequence of this segmentation shows a clear linear trend. Because the APCA algorithm adopts the method of piecewise average fitting, it cannot reflect the linear trend of this segmentation. As a result, this paper uses the slope threshold to identify and fix it.
When the starting point of the transition segmentation is determined, the slope between the adjacent two points is calculated in turn, and the difference between the adjacent slopes is calculated and compared with the threshold. If the threshold is exceeded, the last point in the current segmentation is the end point of the transition segmentation, and then jumps to the identification of the new smooth segmentation.
After the identification of transition segmentation is completed, the least squares method is used for linear fitting. According to the test target of the Momentum Wheel, the fitting curve is a form of linear equation, which can be expressed as follows:
where k is the slope, and b is the intercept. The least squares formula can be used to calculate k and b as follows: where s i represents the element in the current sequence, and t i represents the time value corresponding to s i . In this way, the acceleration characteristic can be obtained. The basic steps of fitting method based on slope threshold is shown in Fig. 6 .
IV. THEORETICAL ANALYSIS OF ASFE
In order to verify the effectiveness of ASFE, this paper evaluates it from two aspects: theoretical analysis and the Momentum Wheel test.
In this paper, the three methods Piecewise Constant Approximation (PCA), APCA and ASFE are used for segmentation modeling for the same rotational speed sequence, respectively. The results are shown in Fig. 7 .
Since PCA adopts the fixed-length sliding window, only the fixed-length data points are averaged, and the transition segmentation cannot be effectively identified, only the outline can be described. APCA is better for the identification of the smooth segmentation, but the transition segmentation is recognized as a number of ''staircase'' forms. ASFE can effectively identify the smooth segmentation and the transition segmentation. Take the test sequence of the Momentum Wheel shown in Fig. 7 as an example, the fitting effectiveness is shown in Table 1 . Table 1 is determined by the Euclidean Distance, and the calculation method is shown as follows:
The fitting distance in
where s mod_i represents the sequence value after modeling. D (s i ,s mod_i ) represents the fitting distance. PCA cannot effectively identify the smooth and transition segmentation because of the fixed length window. In the smooth segmentation, the fitting distance between ASFE and APCA is very close.
The correlation coefficient and the goodness of fit can be used to evaluate the fitting effect of the transition segmentation. Table 1 gives these two indicators. ASFE is closest to the test sequence, and APCA can only respond to the general trend, which is consistent with Fig. 7 . The goodness of fit can be obtained as follows:
where R 2 represents the goodness of fit.
V. TEST FOR MOMENTUM WHEEL A. ACCURACY OF FEATURE EXTRACTION
The manually processing method of Momentum Wheel test is generally divided into three steps: segmentation, data cleaning, and feature extraction, as shown in Fig. 8 . The purpose of segmentation is to combine the records of remote control command to identify the starting position of the transition segmentation. Generally, the method of manual identification is adopted. The purpose of data cleaning is to eliminate the influence of coarse errors, wrong record value. Generally, filtering based on expert knowledge and averaging is adopted. The purpose of feature extraction is to calculate the indicators of the test sequence. The least squares or gradient descent method is widely used. In this paper, the theoretical true value of the result is manually processed, and the ASFE method is evaluated concerning it. Among them, the Momentum Wheel test conditions are normal temperature training condition (@25 • C,100 kPa), the sampling frequency is 20 Hz, and the constant speed duration is not less than 30 min. Table 2 shows the calculation results of the two methods in the four constant speed modes. The difference between the speed stability indicators calculated by the two methods is less than 3.39%. That is, the reliability of the calculation result is not less than 96.6%, compared to the theoretical true value. Table 3 shows the calculation results of the two methods in the three adjustment speed modes. The difference between the acceleration characteristic indicators calculated by the two methods is less than 3.69%. That is, the reliability of the calculation result is not less than 96%, compared to the theoretical true value.
1) ROTATIONAL SPEED STABILITY
2) ACCELERATION CHARACTERISTIC
Eq. (19) gives the calculation method of the adjustment time, where p start and p end represents the time labels of the start point and end point, respectively, and t represents the sampling period. 
B. ANALYSIS OF THE ONLINE PROCESSING CAPABILITY
The online processing capability refers to how long it takes for the ASFE algorithm to recognize the execution of the command after it has been issued. As shown in Fig. 9 , t 0 represents the generation time of the remote control command, t 1 represents response time of the remote control command, and t represents the delay. t has two parts: t1 and t2. t1 represents the delay of the Automatic Test System (ATS) itself, consisting of the response time for system hardware and software, motor response time, sensor response time, etc. Under the same test conditions, its value is stable. t2 is mainly determined by the computing power of ASFE. When the sampling period changes, its value will be affected. In the actual test, the sum of these two delays can be calculated as follows,
where t represents the total delay time, which may analyze the online processing capability of the ATS. Table 4 gives an analysis of ASFE for online test capability. It can be seen from Table 4 that t1 is about 600 ms, and t2 is affected by the sampling period. Generally, the starting point of the transition segmentation can be identified within 2-4 sampling periods, and the test characteristics of the previous segmentation will be given in several seconds.
C. ANALYSIS OF WORK EFFICIENCY IMPROVEMENT
Through the investigation of spacecraft agency, it is known that the time required for manually processing the test data is closely related to the amount of test data and the complexity of the test process (for example, the number of rotational speed adjustments, the number of motor stop-starts, etc.). It shows an obvious linear increase trend. In the final-product test, one type of test is completed under fixed conditions, the duration is not less than 60 min, the data update frequency is about 2-4 Hz, and the actual data point is not less than 5000. At this time, the time for manually processing the test data is generally not less than 30 min. If the ASFE method is used, the test results can be obtained within 1 min after the last value of test sequence. Therefore, the work efficiency is improved by no less than 95%.
VI. CONCLUSION
This paper proposes the ASFE algorithm, which can address the rotational speed sequence of Momentum Wheel online. According to the characteristics of the task requirements and test sequences, it can automatically identify the data type, adaptive segmentation, and extract feature indicators. ASFE has the following advantages.
ASFE can adaptively segment the rotational speed sequence. ASFE introduces an approximated error that avoids loop calculations and therefore has the ability to process data streams online.
ASFE can automatically divide the rotational speed sequence into two types: smooth and transitional. For the two types, it can automatically obtain two characteristics of speed stability and acceleration characteristic, respectively.
The experiment results with the X Momentum Wheel show that the accuracy of test sequence processing is not less than 96% of the theoretical true value. Compared with traditional methods, ASFE can improve efficiency by more than 95%. This indicates that ASFE can significantly improve the test efficiency.
ASFE is simple and effective, and is easy to implement in engineering. ASFE can not only meet the development trend of unattended and autonomous analysis in the spacecraft test process, but also has certain reference value for the development of real-time aerospace missions, such as on-site decision-making, emergency command and real-time dynamic display of satellite status.
